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Abstract. Process mining is a powerful technique which uses an organi-
zation’s event data to extract and analyse process flow information and
develop useful process models. However, it is difficult to apply process
mining techniques to healthcare information due to factors relating to the
complexity inherent in the healthcare domain and associated information
systems. There are also challenges in understanding and meaningfully
presenting results of process mining and problems relating to technical is-
sues among the users. We propose a model based slicing approach based
on dimensional modeling and ontological hierarchies that can be used to
raise the level of abstraction during process mining, thereby more effec-
tively dealing with the complexity and other issues. We also present a
structural property of the proposed slicing technique for process mining.
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1 Introduction
Today’s vast amount of healthcare related information needs to be accessed
easily and integrated intelligently to support better healthcare delivery. Sys-
tematic analysis of healthcare data can help to detect patterns so that healthcare
providers can optimize their resource allocation and clinicians can optimize
treatment plans for individuals leading to better health outcomes. To improve
the quality of health services delivery, healthcare professionals are particularly
interested to know what are the common pathways for patients, how can a
process model be improved, and to what extent do existing systems follow clin-
ical guidelines. However it is not easy to answer these questions as healthcare
processes are highly dynamic, complex, sometimes ad-hoc, increasingly multi-
disciplinary [15], and involve numerous points of care and a variety of clinicians
and treatment plans.
Data analysis techniques such as process mining present the opportunity
to analyse healthcare information, from numerous viewpoints (i.e., contexts)
? Partially funded by Intromat. (www.intromat.no)
2 Fazle Rabbi et al.
such patient populations with specific diseases, ages, gender, incidences of
comorbidity, or type of healthcare service setting (e.g., clinic, hospital, nursing
home), home location (urban or rural), or procedures used, etc., in order to
learn from this information. Process mining [4] techniques hold great potential
to improve health services delivery.
van der Aalst presented four different analysis perspectives in [4] which
include control-flow perspective, organizational perspective, case perspective,
and time perspective. These perspectives are useful to derive useful insight with
respect to ordering of activities, the roles of resources, the attributes related to a
particular case, and the frequency and timing of events. However, this approach
lacks an abstraction mechanism allowing health professionals to both mine
relevant information from highly discipline specific data sources and also to
process event data from often highly individualistic patient pathways in order
to discover common pathways.
In this paper, we address some of the challenges of process mining and learn-
ing from the large amount and variety of healthcare information. We present a
model based slicing technique for process mining which utilizes dimensional
modeling and ontological representations of healthcare information. Ontolo-
gies are increasingly being used to standardize terminologies in healthcare and
other areas. For example, the ICD-10 ontology [16] provides diagnostic codes
for classifying diseases, including a wide variety of signs, symptoms, abnormal
findings, etc., while SNOMED-CT [3] provides a comprehensive terminology
for clinical health. Our proposed slicing technique proposes that we use graph-
ical representations incorporating an easy-to-use graphical interface allowing
health professionals to apply process mining on a variety of abstraction levels.
de Medeiros and van der Aalst, [11], discussed the necessity of relating el-
ements in event logs with their semantic concepts, allowing them to perform
concept-based reasoning and analysis. They illustrated their ideas with an ex-
ample process model to repair telephones in a company which included three
different ontologies and implemented their technique in ProM. Our approach is
similar; however, we illustrate the value and potential of using a graphical query
language for specifying slicing requirements of process mining. The graphical
query language uses dimensional modelling and ontology which makes it suit-
able for applying the slicing technique in the very complex healthcare domain.
Mans et al., [10], discussed the application of process mining in healthcare
and provided an overview of frequently asked questions by medical profession-
als in process mining projects. The questions reflect the medical professionals’
interest both in learning common pathways of different patient groups, to de-
termine their compliance with internal and external clinical guidelines, and also
in gathering information about the throughput times for treating patients. The
authors pointed out the need for accumulating data from different data sources
claiming this to be a major challenge in healthcare. and urging the exploitation
of ontology-based process mining approaches in the healthcare domain.
Bistarelli et al. presented a prototype tool called PrOnto in [6] which can
discover business processes from event logs and classify them with respect to a
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business ontology. The tool takes an event log file as input and produces an UML
based activity diagram in XML format. The aim is to raise the level of abstraction
in process mining by utilizing business ontologies. They proposed an ontology
representing the hierarchy of resources to define which level of abstraction will
be used [6]. Here we use both dimensional models and ontologies to classify
event logs allowing us to be more specific in one portion of the process model
while being more generic in another portion of it. Our mining technique uses
several pre-processing steps, allowing us to specify both context and level of
abstraction.
The rest of this paper is organized as follows. Section 2 discusses the charac-
teristics of and challenges of process mining in the healthcare domain. Section 3
presents data abstraction methods involving dimensional modelling, ontolog-
ical hierarchies and graphical representations resulting in novel approaches to
process mining. We study the structural property of our slicing technique in
section 4. Section 5 concludes the paper and gives directions for our future
work.
2 Characteristics of and challenges in careflow analysis
In this section, we briefly discuss several characteristics of healthcare data which
make process mining so difficult. We argue that the current practice of process
mining needs to be advanced by means of a rich information model in order to
accommodate the requirements of the many and various stakeholders.
In many developed countries, the majority of the citizens use public health-
care services provided by a variety of service providers using a large number of
software applications. For instance, Helse Vest IKT (HV-IKT) [2] an IT company
in Norway that supplies equipment and services within the ICT area to special-
ist health services in the western part of Norway, has more than 1000 software
systems to support the regional healthcare. As a result, healthcare data are of-
ten in silos and different standards are followed by different health facilities to
code diagnosis, lab test results, medical procedures and drugs. This presents a
major problem as patients frequently need to visit various health facilities so for
effective process mining, event logs representing activities of various systems
must be considered. In healthcare, the data preparation task is very critical as
healthcare data are very sensitive and therefore semantics of the data must be
preserved [14]. Lack of standards for data definitions and reporting mechanisms
in health data across various disciplines makes it very difficult to analyse the
large spectrum of health profiles. Event logs from a variety of systems using
various data definitions and formats must therefore be harmonized before they
can be analysed by any process mining algorithm.
Identifying common pathways for patient flow in healthcare systems is com-
plicated by the large variety of patient conditions, points of care and diagnoses.
Consider Table 1 which shows a portion of such an event log. The resulting pro-
cess model is usually too large to provide meaningful information. Even after
filtering to keep, for example, only the patient cases which are admitted to the
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radiology department, the model is still too large. By pre-processing event logs
so that we exploit the hierarchical information structure in healthcare such as
organizational structure of hospitals and clinics, or ontologies of healthcare ter-
minologies, we can support various levels of abstraction and reduce the size of
the process model. We need a mechanism to specify how to exploit ontological
hierarchies to change abstraction levels.
Table 1. Portion of a healthcare event log (Sample data)
Id Event time Event name Resource
1 2017-03-20 13:30 Surgical Clinic Kristi Salazar
1 2017-03-20 13:30 (N39 9) Disorder of urinary system Darla Ramirez
2 2017-03-07 14:00 Radiology Department Ricky Alvarado
2 2017-03-07 15:00 (N63) Unspecified lump in breast Deborah Tyler
2 2017-03-07 15:15 (N64 5) Other symptoms in breast Johanna Buchanan
3 2017-04-06 08:30 Division of Mental Health Protection Henrietta King
3 2017-04-06 08:30 (F321) Depressive episode Beatrice French
While analyzing common pathways for patients, different contexts are re-
quired to allow clinicians to focus on different groups of patients and to visualize
their careflows. For instance, for patients with mental disorders, psychologists
may be interested in patient visits to various service points while researchers
may be interested in investigating the efficiency of new medications or pro-
cedures. The psychologists need to select a patient group based on diagnosis
but display information about patient visits to different service points, while
researchers require the health assessment related information. We need efficient
tool support where one can filter the data and specify the context for data vi-
sualization. Existing process mining techniques may be used to visualize flow
but event logs must be prepared in different ways to support a wider variety
of queries. Existing process mining tools such as Fluxicon Disco [1] support
filtering over event logs; however, since the events are not categorized, they do
not support grouping of similar events from an abstraction level (e.g., disease
group from ICD-10) to extract an abstract process model over another type of
events (e.g., visit to health service points).
3 Model based pre-processing step for process mining
In this section we propose a model-based slicing technique for handling the
complexity of process mining in the healthcare domain. The proposed slicing
technique is centered on the use of dimensional modeling and ontologies and
it consists of pre-processing steps for process mining. The slicing technique in-
cludes filtering and grouping of activities where we use ontological perspectives
to identify semantically related cases and provide a higher level of abstraction
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in the data, which at the same time gives meaningful information to healthcare
professionals. Usually these professionals focus on a specific domain (their area
of specialization) but often they are interested in also getting an abstract view
of aspects of their patients’ use of services from other disciplines. An interdis-
ciplinary view of process models along with zoom-in features are essential to
allow healthcare professionals to understand the flow of patients and/or their
symptoms and diagnoses. We address this issue by incorporating dimensional
models where we use ontologies along various dimensions. We allow healthcare
professionals to specify on which area they wish to focus and for which area
they want an abstract view. This requirement of mixing abstraction levels has
not been addressed in the state-of-art process mining literature. In the following
subsections we present a slicing technique for process mining by means of a
graphical language based on ontologies and dimensional modeling.
3.1 Role of ontologies in process mining
Ontologies can play two roles in process mining. First, they provide vocabu-
laries to integrate data from multiple healthcare information systems. We pro-
pose using the SNOMED-CT and ICD-10 ontologies to group activities in event
logs across disciplines enabling process mining over multiple data sources. We
also propose using hospital- or regional health authority-specific ontologies to
standardize information of an organizational or administrative nature. Second,
ontologies provide suitable levels of abstraction for (i) specifying filters to select
particular patient groups and for (ii) grouping information to capture and/or
visualize the careflow process at a high (and more useful) level of abstraction.
3.2 Dimensional modeling for contextual analysis of careflow
The concept of dimensional modeling originated from data warehousing and
business intelligence (DW/BI). The DW/BI systems emphasize collecting and
processing raw data quickly and turning them into useful information while
preserving the consistency of the data. Dimensional models package the data
in a simple format so that information may be displayed in a manner easily
understood by business users, and support efficient data analytic tools in terms
of query performance. We present a new application area of dimensional mod-
eling, showing that it can be used for specifying context-related requirements
for process mining.
Figure 1 shows how a dimensional model can be used in a healthcare setting
to capture process mining requirements. The purpose of this dimensional model
is to provide a visualization allowing the user to investigate care flow from
different contexts. Typically dimensional models are used to represent detailed
atomic information captured by a business process. However, we propose to
use ontological hierarchies to provide hierarchical representation of healthcare
information along each dimension of a dimensional model for healthcare.
Suppose we have a dimensional model for Healthcare as indicated in Figure 1
with the dimensions: Episode of Care, Clinical Finding, Procedure, Observation
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This event log 
- does not contain diagnosis information;  
- contains admission information to the 
Psychiatry clinics (low level details); 
- contains admission information to other 
departments (high level view)
This event log 
- contain diagnosis information 
(low level details);  
- contains admission information 
mission information to the 
clinics (low level details)
Fig. 1. Use of dimensional model for specifying process mining requirements
and Care Plan. Figure 1 shows a fragment of the ICD-10 ontology representing
several diseases linked to the Clinical Finding dimension. We now show how
dimensional modeling can be used to support analysis of healthcare processes,
by supporting both filtering and selecting the level of abstraction (i.e., grouping)
for visualizing the process mining output.
Suppose an analyst is interested in investigating the flow of patients with
mental and behavioral disorders admitted to the various departments in a hos-
pital. The analyst is interested in the movement of the patient in psychiatry
clinics but the specifics of other clinics in not needed, only the information
at the department level. We will assume that the department hierarchy of the
hospital is used for the ‘Episode of Care - Admission’ dimension. We illustrate
the situation in Figure 1 to help visualize how the dimensional model and the
hierarchical representation of data can be utilized to obtain the information. In
Figure 1, ‘F00-F99’ is the ICD-10 code for ‘mental and behavioral disorder’ dis-
eases. Selecting ‘F00-F99’ for filtering means to filter based on the sub-diseases
under ‘F00-F99’ (depicted as small orange circles in the figure), extracting event
logs for patients with one of the sub-disease codes of ‘F00-F99’. From these event
logs we now extract events related to admission. An event log with patient’s
admission information contains information about the patient’s visits to differ-
ent clinics. We are interested in clinic information only for psychiatry but we
need to display patient admission to other departments. We use the department
hierarchical information (Ontology) to group the results displaying a higher
level of abstraction for departments (i.e., department names, e.g., Gynocology,
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{2,3} 4 5
1
Case id Event time Activity
Case#1 2018-03-06 13:00 1
Case#1 2018-03-06 13:30 2
Case#1 2018-03-06 14:00 3
Case#2 2018-03-07 10:00 2
Case#2 2018-03-07 12:00 3
Case#2 2018-03-08 13:00 1
Case#2 2018-03-08 14:00 5
Case#3 2018-03-08 13:00 3
Case#3 2018-03-08 15:00 4
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abstraction  
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Fig. 2. A process model and its different abstractions
Orthopedics, etc.) displaying only department name rather than clinic name for
visits to clinics other than psychiatry clinics.
4 Structural property
There are several process mining tools which produce process models of vari-
ous kinds. For example, ProM [7], an open-source process mining tool, produces
Petri nets [12] as output to describe the process models extracted from event logs.
Disco by Fluxicon [1], a commercial process mining tool, produces attributed
graphs to present discovered process models. RapidProM [5] consists of state-
of-the-art process mining algorithms and produces process models with various
formalisms such as BPMN Models [13], Petri nets [12], colored Petri nets [8],
process trees [9], etc. Since these process models are (essentially) graph-based,
we illustrate the abstraction in graph-based process model and discuss a struc-
tural property which is needed to ensure that abstract process model correctly
reflects the abstraction in the ontology.
Suppose we apply process mining technique over a set of traces T repre-
senting event logs of a system and obtain a directed graph G representing the
discovered process model (see Figure 2). We refer to this graph G as the base
process model. The use of a dimensional model and ontological hierarchies al-
lows us to group some of the nodes from the base process model. On the upper
left of Figure 2 we see a dimensional model with five dimensions, two of which
have associated ontological hierarchies. The ontology-based slicing approach
allows us to group the activities according to the ontological hierarchies. While
grouping activities based on the ontological hierarchies, one can choose the level
of abstraction and this choice allows us to transform the original event logs into
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an abstract version. The transformed event log (which is now at a more abstract
level) is used for discovering a more abstract process model. The remainder of
Figure 2 illustrates the effects of some groupings of activities on the base process
model. The colours of the five tasks in G reflect the position the associated task in
the dimensional model. These colours show that activities 2 and 3 belong to the
ontological hierarchy associated to the top dimension. Using this higher level
of abstraction we group activities 2 and 3, producing a single node representing
the set of activities {2, 3}. See H1 at the lower left hand side. It is possible to
also group nodes based on their ontological hierarchy from other dimensions as
shown in process models H2, H3 and H4. (Two levels of the second ontological
hierarchy are used in succession to get H2 and H3.) These groupings of activities
provide even more compressed process models. It is desirable to obtain an ab-
stract process model H such that there exists a graph homomorphism between
the base process model G and H. The graph homomorphism ensures that the
abstract process model reflects the abstraction in the ontology.
Theorem 1 (Correctness of abstraction). Given a dimensional model and a set of
traces T representing event logs, if the mapping of activities to the ontological concepts
relates each element from its domain to a maximum of one leaf node of the dimensional
model then combining the activities based on the dimensional model compresses the base
process model G to a graph H such that there exists a graph homomorphism between G
and H.
Proof hint: The theorem can be proved by showing an equivalence class
relationship from the nodes and edges of the process model from G to the
abstract process model H following the level of abstraction in the ontological
models.
5 Conclusion
To analyze the vast amount of healthcare information, better visualization tech-
niques are needed to get an abstract and transparent view of what processes
have been executed. In this paper we propose a model based approach based
on dimensional modelling and associated ontological hierarchies that will al-
low analysts to specify process mining requirements such as the context and
abstraction level. The idea of using a combination of dimensional modeling
with ontologies is novel in this paper. We envision a healthcare information sys-
tem that provides access to information from various healthcare providers. We
are currently developing a careflow analysis tool which offers a diagrammatic
language for slicing event logs.
This diagrammatic representation of the dimensional model gives an easy-
to-use interface allowing the user to collect process mining requirements. After
the needed preprocessing, the tool uses an existing process mining tool called
Disco [1] to show the results of the process mining. The tool provides a visualiza-
tion to aid healthcare workers in specifying their process mining requirements.
In future an expert user group from the Helse Vest IKT will be involved in
evaluating the tool.
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